








Follow this and additional works at: https://tigerprints.clemson.edu/all_theses
This Thesis is brought to you for free and open access by the Theses at TigerPrints. It has been accepted for inclusion in All Theses by an authorized
administrator of TigerPrints. For more information, please contact kokeefe@clemson.edu.
Recommended Citation











THE EFFECT OF LABEL INFORMATION ON 









In Partial Fulfillment 
of the Requirements for the Degree 
Master of Science 









Dr. Carlos Carpio, Committee Chair 
Dr. David Willis 






Pesticide labels provide farmers with information about potential health and 
environmental consequences associated with their use. This study analyzed the effec  of
label information on farmers’ herbicide choices. Two approaches were used as theoretical 
framework for the analysis: a hedonic model using the household production theory and a 
discrete choice random utility model. The empirical estimation of the models was based 
on a sample of U.S. soybean farmers. Characteristics of the herbicides used a
explanatory variables included health and environmental characteristics displayed on 
herbicides labels and efficiency measures calculated using relevant studies from the 
agronomic literature. Models estimated using information available on the labels were 
compared with a model estimated with variables obtained from MSDS’s. This 
comparison was done to assess the assumption held in previous studies that farmers have 
a detailed and complete understanding of all the scientific measures used to evaluate the 
human and environmental risk of pesticide use (e.g., LD50 values). Finally, results from 
the estimated models were used to analyze the consistency of herbicide risk ndices 
among alternative model specifications. 
The results suggest that health and environmental statements displayed on 
pesticide labels (which generally reflect higher level of risk) reduce significantly the 
probability of selection, although, they seem to be less important than the herbicide 
production characteristics and cost. It was estimated that farmers are willing to pay 
$14.25, $7.45, $12.02 and $7.88 - $11.51 per acre to avoid using herbicides displaying 
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any dermal, inhalation, eye and allergy statements, respectively. Additionally, WTP 
values for environmental attributes ranged from $14.23 to $14.55 per acre to avoid using 
herbicides with groundwater advisories, and from $5.04 to $8.44 per acre to avoid using 
herbicides with aquatic life statements. 
Finally, the statistical results suggest that farmers’ understanding of the human 
safety and environmental characteristics of herbicides is more in line with the information 
displayed on the labels than with the information contained in the MSDS’s. This result 
has important implications for estimation and use of pesticide risk indices. In fact, it was 
shown that risk indices estimates are very sensitive to model specifications based on 
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1. INTRODUCTION NN 
Farmers rely on pesticides to increase agricultural productivity and profits and 
reduce production risks (Safefood Consulting Inc, 2005). As a result, pesticides have 
become an important agricultural input throughout the world, particularly in the U.S. As 
shown in Table 1-1, in 2001 the U.S. agriculture sector spent over 7.4 billion dollars in 
pesticides (Kiely et al., 2004). This value represents more than two thirds of the national 
pesticide market and almost 25% of world total pesticide’s expenditures. 






   ------- U.S. Market -------    
Total U.S. 










Billion $   Billion $   
Herbicides1 14.12   4.99 1.42   45 
Insecticides2 8.76  1.33 1.80 
 
36 
Fungicides2 6.03  0.62 0.22 
 
14 
Other3 2.85  0.48 0.25 
 
25 
Total 31.76   7.40 3.69   35 
Note: Totals may not add due to rounding. 
*Sectors are: industrial, commercial, government and home and garden. 
1Includes herbicides and plant growth regulators. 
2Excludes sulfur and petroleum oil. 
3Includes nematicides, fumigants, rodenticides, molluscicides, aquatic and fish/bird pesticides, 
other miscellaneous conventional pesticides, plus other 
Source: Kiely et al., 2004 
 
The amount of pesticides used in U.S. agriculture totaled 675 million pounds of 
active ingredient in 2001. Herbicides are the most used pesticide, nearly 6 times larger 
 
than insecticide use and over 10 times 
active ingredient applied in 2001, corn 
soybeans are second in use with
 
Proportions in the right section
applied in selected states: Corn: CO, GA, IL, IN, IA, KS, KY, MI, MN, MO, NE, NY, NC, ND, OH, PA, SD, 
TX, WI. Soybeans: AR, IL, IN, IA, MN, MO, NE, OH.
Source: Kiely et al., 2004 and NASS, USDA 2002
 
Figure 1-1: Amount of Conventional Pesticide Active Ingredient Used in the U.S.
Agricultural Sector by Pesticide Type and Crop, 2001
 
After the World War II, the efficiency of pesticides such as DDT and 2,4
encouraged producers to liberally 
(Delaplane, 2000). As shown in
in the U.S. increased sharply 









larger than fungicides. With 157 million pounds of 
uses the highest amount of herbicides
 50 million pounds in the same year (Figure 1
 of the graph may be underestimated. These values only account for herbicides 
 Cotton: AR, CA, GA, LA, MS, NC, TX.
 
 
Trends in Pesticide Usage 
apply pesticides to create habitats “sterilized” of pests 
 Figure 1-2, the amount of pesticides used for agriculture 
after that period and reached a maximum of 843 million 

















genetically resistant to pesticides; non-target plants and animals were harmed; and 
pesticide residue appeared in unexpected places. This unleashed a series of actions 
intended to amend previous mistakes: the use of unsafe pesticides was forbidden, 
investigation changed direction towards more pest-specific and “natural” chemicals, and 
a different approach to control pests called “integrated pest management” was developed 
(Delaplane, 2000). These and other actions eased the pressure to over use pesticides. 
Pesticide usage started to decline in 1980 and it stabilized during the late 1980’s and 
1990’s around 740 million pounds of active ingredient per year (Figure 1-2). 
 
Source: Kiely et al., 2004 
 
Figure 1-2: Conventional Pesticide Active Ingredient Used in the U.S Agricultural 




















































































































Pesticide labeling is designed to correct externalities that arise from incorrect use. 
Although the Federal Insecticide, Fungicide and Rodenticide Act (FIFRA) of 1947 
established standards for label content, it was not until 1972 that specific methods and 
standards for control were imposed (Whitford et al., 2004). For example, the use of any 
pesticide inconsistent with the label was prohibited and violations could result in fines 
and/or imprisonment. Pesticides were also classified for general use orrestricted use. Any 
person (commercial applicators or farmers) applying restricted-use pesticid  were 
required to be certified by the state. 
Later, as a consequence of the workers “Right to Know” movement in the mid 
1970’s, the Federal Hazard Communication Standard was promulgated in 1983. This law 
requires pesticide manufacturers to create material safety data sheets (MSDS’s) and 
distribute them to all downstream users of their products (Sattler, 2002). Each MSDS
includes information regarding the physical properties of the pesticide, toxicity, health 
effects, first aid, reactivity, storage, disposal, protective equipment, and spill handling 
procedures. However, a growing level of discontent has emerged over the effectiveness 
of MSDS’s as a tool for workplace health and safety communication (Nicol et al., 2008). 
According to Sattler (2002), while the average American has a sixth-grade reading level, 
the MSDS’s are written at a thirteen-grade reading level. They also reportstudies in 






Product labeling has become a common policy tool associated mainly with the 
provision of health and environmental information (Teisl and Roe, 1998) to align 
individual consumer choices with social objectives (Golan et al., 2000). For this reason, 
consumers’ responses to the information displayed on food product labels have been 
widely studied. However, little research has been conducted to determine the effect of 
pesticide labels over farmers’ decisions. Previous studies intending to determin  the 
importance of human safety and environmental characteristics on herbicide choic  have 
mainly relied on information displayed on the MSDS’s (Higley and Wintersteen, 1992; 
Lohr et al., 1998; Owens, 1998; Beach and Carlson, 1993; Fernandez-Cornejo and Jans, 
1995; Hubbell and Carlson, 1998; Sydorovych and Marra, 2007 & 2008; Carpio et al., 
2007). However, this information may not accurately reflect farmers’ actual 
understanding of the characteristics of the pesticides.  
Previous studies have found that farmers do consider user safety and 
environmental characteristics of pesticides on their adoption decision (Higley and 
Wintersteen, 1992; Lohr et al., 1998; Owens, 1998; Beach and Carlson, 1993; Fernandez-
Cornejo and Jans, 1995; Hubbell and Carlson, 1998; Sydorovych and Marra, 2007 & 
2008; Carpio et al., 2007). Thus, an efficient pesticide labeling policy may enhance 
economic efficiency by helping producers to target expenditures toward products they 
want the most (Golan et al., 2000). In addition, information displayed on labels may be 
useful to reduce externalities that arise from the social consequences of farmer’s 
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decisions on the environment, health and productivity.  In this context, it is important to 
determine whether or not current labels allow farmers to make clear distinctions when 
they categorize pesticides by their level of risk. 
According to Golan et al. (2000), increases in informed consumption and socially 
desirable changes in consumption behavior may be used to measure the benefits of 
government labeling programs. Unfortunately, it is particularly difficult to price these 
effects because they involve goods without established market prices such as health and 
environmental quality. This study relies on hedonic and discrete choice models to 
determine the role of displayed attributes on farmer’s choices of herbicides. 
Understanding farmers’ response to label information is important for policy makers, 
such as the Environmental Protection Agency (EPA), who attempt to reduce ecosystems 
deterioration and improve human safety by establishing mandatory labeling laws. 
Objectives 
The general objective of this study is to estimate the effect of labeling information 
on farmers’ herbicide choice. The specific objectives are: 
1) To estimate the relative importance of costs, productive, and human safety and 
environmental attributes on farmers’ herbicide choice.  
2) To estimate farmers’ willingness to pay (WTP) for each attribute. 
3) To compare the performance of models based on label information with models based 




2. REVIEW OF LITERATURE EE 
Literature regarding the effect of the information displayed on pesticide labels 
over farmers’ choices is limited. Until now, researchers have focused their attention on 
determining farmers’ valuation of pesticides’ characteristics whether or not they are 
displayed on the labels. Two groups of studies are found within this literature: stated-
preference methods (based on farmer “choices” under hypothetical scenarios) and 
revealed-preference methods (based on actual choices made by farmers). Stated-
preference based studies have relied on contingent valuation (CV) surveys (Higleyand 
Wintersteen, 1992; Lohr et al., 1998; and Owens et al., 1998). Studies using the revealed-
preference approach have been conducted using hedonic (Beach and Carlson, 1993; 
Fernandez-Cornejo and Jans, 1995) or discrete choice models (e.g., Hubbell and Carlson, 
1998; Sydorovych and Marra, 2007 & 2008; Carpio et al., 2007). In general, regardless of 
the approach used, these studies have found that farmers care about environmental and 
safety characteristics enough to trade profits for risk reductions. 
Studies Based on Stated-Preference Information 
Contingent Valuation (CV) Surveys 
Previous studies based on stated-preference information have used data from CV 
surveys. This method relies on questionnaires to estimate the willingness of repond nts 
to pay for hypothetical projects or programs under specific market conditions presented 
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in the survey. This is done either by asking a sample of consumers how much they are 
willing to pay for the good (the “open-ended” approach), or by presenting consumers 
with various different prices, and asking if they would buy the good at those prices (the 
“referendum” approach) (Keane, 1997). Results of studies based on this approach have 
been criticized because of the reliance on stated preferences rather than actual m rket 
behavior (Portney, 1994). However, this approach provides two advantages: 1) flexibility, 
allowing researches to combine the benefits from surveys and experimental design 
(Carson and Hanemann, 2005); and 2) it can be used to predict demand for goods that are 
fundamentally different from any that is currently traded (Keane, 1997), especially those 
that do not have related or surrogate markets (Birol et al., 2006) 
Previous Applications on Valuation of Pesticide’ Risks 
Higley and Wintersteen (1992) developed a model for assessing environmental 
risks associated with the single use of a pesticide. The model provided estimat of 
environmental costs through CV surveys to incorporate them into integrated pest 
management (IPM) decisions. Each environmental category (surface water, groundwater, 
aquatic organisms, birds, mammals, beneficial insects, and humans) was classified by its 
level of risk: high, moderate, low and no risk according to the biological, physical and 
chemical properties of each pesticide. They used farmers’ responses to the question 
“How much would you be willing to pay to avoid a high/moderate/low level of risk from 
a single pesticide use?” Although more than 98% of respondents indicated that avoiding 
risks was important, only 66% declared that they were willing to pay to avoid 
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environmental risks. The mean per-acre environmental cost estimates per application 
were $12.54 to avoid high risk, $8.76 to avoid moderate risk and $5.79 to avoid low risk. 
In addition, respondents were asked to rank the importance of avoiding risk in 11 
environmental categories on a 1 to 10 scale. The cost of each environmental category was 
estimated by multiplying the relative importance of each category by the cost related to 
its corresponding level of risk. Then, the total environmental cost of a given pesticide was 
calculated by adding the individual costs for each environmental category. Mullen et al. 
(1997) followed a similar approach to analyze responses from a random sample of U.S. 
citizens to estimate society’s WTP to reduce environmental risks. 
Using the same data from the Higley and Wintersteen (1992) CV survey, Lohr et 
al. (1998) constructed an indirect utility model to measure farmers’ willingness to accept 
yield losses for a reduction in environmental risks by decreasing pesticide use. They 
modeled farmers’ acceptable yield losses as a function of environmental attitudes, 
demographics and farm characteristics, and regulatory and environmental conditions in 
the grower’s state. Their results indicate that more experienced, better educated farmers 
and those who spend more on pesticides will accept higher yield losses for a moder te 
reduction in environmental risks. 
According to Owens et al. (1998), the major problems of the studies above are 
their reliance on a “high/moderate/low” scaling of perceived risks and the insufficient 
information provided to the respondents to assess risk levels: “This vagueness in defining 
the contingent market seriously undermines the credibility of resulting estimates”. Based 
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on the assumption that corn growers are familiar with the herbicide atrazine, Owens et al. 
(1998) analyzed farmers’ choices of three hypothetical formulations identical to atrazine 
with the following differences among formulations: a) not carcinogenic to humans, b) ot
leachable into groundwater, and c) nontoxic to fish. Each respondent was asked to 
consider using regular atrazine against each of the three new formulations at different 
prices. They used a double-hurdle model to estimate the demand for the new formulatins 
and, from this, the WTP for each characteristic. Mean WTP for reduction in risks 
associated with the non-carcinogenic atrazine ranged from $8.47 to $4.92 per acre; for 
the non-leaching attribute, it ranged from $7.70 to $4.40 per acre; and for the fish toxicity
attribute it ranged from $6.81 to $3.94 per acre.  
Studies Based on Revealed-Preference Information 
Studies using Hedonic Models 
Hedonic models assume that consumers’ utility is derived from the characteristi s 
of the goods rather than from the goods themselves. Consequently, products are ranked 
indirectly by the bundle of their characteristics (Lancaster, 1966). In a seminal paper, 
Rosen (1974) defines hedonic prices as the implicit prices of attributes that are revealed 
to economic agents from observed prices. His empirical approach to estimation of 
hedonic models involves two stages. In the first stage product prices are regressed on it  
characteristics to recover the implicit price of each characteristic. In the second stage the 




Previous Applications on Valuation of Pesticide’ Risks 
Beach and Carlson (1993) used the hedonic framework to estimate the implicit 
price and mean elasticity of user safety and environmental characteristi s of herbicides 
used in soybeans and corn production. To control for the fact that using herbicides may 
affect not only profits but also farmers’ health, they modeled farmers’ behavior under the 
context of an agricultural household model (Pitt and Rosenzweig, 1986). They included 
water quality and user safety in the farmers’ utility function whereas the production 
function included water quality, productive herbicide characteristics and herbicid  
application costs. Their theoretical model shows that herbicide prices should be positiv -
related to productive characteristics and negative-related to hazardous characteristics. 
However, because water quality characteristics are specified in both the production 
function and the utility function, their net effect on herbicide price is indeterminate.  
Production characteristics included in Beach and Carlson’ (1993) study were: 
efficiency to control broadleaf weeds, efficiency to control grass weeds, duration in the 
soil, and application costs. To measure the two efficiency attributes, they created 
aggregate indices for the set of weeds in a given state. These indices were calculated from 
individual herbicide efficiencies to control specific grass/broadleaf weeds w ighted by 
their frequency in a specific state. The duration of the herbicide in the soil was measured 




The user safety characteristic was calculated as the inverse of the oral DL50 for 
rats, which is the amount of product required to kill half a sample of test animals. Lower
values of DL50 represent higher risk to humans. The opposite is true for its inverse. The 
potential to contaminate groundwater was estimated using the GUS score which 
combines the duration of the pesticide in the soil and its tendency to attach to soil 
surfaces. A higher value is related with higher tendency to leach. They also con idered 
individual measures of the duration in the soil, tendency to attach to the soil, and water 
solubility. 
Beach and Carlson (1993) study reveals that production variables are the most 
important characteristics in explaining herbicide selection. However, they show that 
farmers also consider user safety and water quality attributes as a minor but statistically 
significant component of their choices. Production variables were statistically significant 
in 6 out of 8 cases, user safety was significant in 1 out of 2 cases and water quality was 
significant in 5 out of 6 cases.  
The second study using the hedonic framework to analyze farmers’ valuation of 
pesticide risks is Fernandez-Cornejo and Jans (1995) work on quality adjusted price 
indices for pesticides. These authors estimated individual hedonic functions for pesticides 
used in corn, soybeans, cotton and sorghum in the U.S. Three quality characteristics of 
pesticides were used in their models: their potency, toxicity and persistence in the 
environment. The rate of application of a pesticide in terms of its active ingredient was 
used as a measure of pesticide potency. To determine the level of toxicity they 
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constructed an index which incorporates information regarding acute toxicity, chronic 
toxicity, and teratogenic effects. Persistence in the environment was incorporated in the 
model as a dummy variable to differentiate between high (more than 60 days1) and low 
persistence. 
Their study employed a methodological framework comparable to the one of 
Beach and Carlson (1993). However, they did not use productive characteristics to 
regress pesticide prices. They stated that the inclusion of variables other than quality is 
useful to determine implicit prices, but it may bias the adjusted price indices. For this 
reason they only included time dummies to capture all price effects other than quality.  
In general, coefficients for quality variables were statistically significant with 
expected signs. In the eight hedonic regressions by crop, all the coefficients for the rate 
variable were negative and significant. Similarly, for the toxicity and persist nce 
variables six and five coefficients respectively were significant with the expected 
negative sign. These results imply that prices are negatively affected by the toxicity of the 
pesticide and its persistence in the environment. 
Discrete Choice Studies 
Discrete choice models describe the probability of choosing a particular 
alternative as a function of its attributes and the characteristics of the decision maker. 
These models are usually derived under the assumption of utility maximizing behavior 
where the decision maker’s utility is considered a function of both observed and 
                                                          
1
 Refers to pesticide soil half-life: the time required for 50% of the pesticide to degrade in soil. 
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unobserved attributes of the alternatives and individual’s characteristics. Models that are 
derived in this way are called random utility models (RUMs). Different discrete choice 
models such as logit, probit, and mixed logit, are obtained from different assumptions 
about the distribution of the unobserved portion of utility (Train, 2003).  
Previous Applications on Valuation of Pesticide’ Risks 
To explain how insecticide attributes influence farmers decisions on both product 
choice and application rate, Hubbell and Carlson (1998) used a two-stage approach in the 
analysis of U.S. apple growers’ decisions. In the first step, a model of insecticide choice 
was estimated and in the second step they developed an application rate model. Hedonic 
models were considered inappropriate in this case because the amount of insecticide  
used in apple production represents a small share of the total insecticide market. To avoid 
this problem they proposed a random utility model including only insecticides used 
against apple insects. They assumed that farmers’ selection of the attributes (productive 
and environmental) from this narrow set of pesticides enters apple growers’ utility and 
production functions. 
The probability of choosing a given insecticide was modeled using the standard 
mixed logit model. The insecticide attributes included in this stage of the mod l were cost 
of application, recommended rate, beneficial predator toxicity, target efficacy, soil half-
life, solubility, mammalian toxicity, fish toxicity, worker reentry interval, residue 
tolerance and pre-harvest interval. The last two attributes were combined with a dummy 
variable that is equal to one for application during the two months prior to harvest and 
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zero otherwise. Because the adoption of IPM practices affects growers’ choice of 
insecticides, a combination of five IPM practices was included in the model with binary 
variables. 
In the Hubbell and Carlson (1998) study, farmers are assumed to modify the 
recommended rate of application based on specific insect levels, weather, farm 
characteristics and insect management practices. This “normalized rate of application” is 
expressed as the proportion of the applied rate to the recommended rate. Their 
normalized rate equation was estimated using Heckman-corrected ordinary least squares 
which incorporates the probabilities estimated in the first stage. As explanatory v riables, 
in addition to the insecticide attributes and IPM practices from the first stage, they 
included variables that vary between infestations but are constant across active 
ingredients (severity of infestation, target insect category and date of pplication) as well 
as variables that are constant between infestations and across active ingredients (price of 
fresh apples, price of processed apples, apple acres planted, average planting density, 
average tree age, intended market for fruit, use of irrigation, state). 
Hubbell and Carlson’s (1998) found that environmental and health attributes 
(mainly acute human toxicity) are important determinants of the rate of applic tion, while 
productive attributes (mainly pest control efficiency) influence product choice. 
Government restrictions (residue tolerance and pre-harvest interval) reduce significantly 
both insecticide choice and rate of application. IPM practices affect mainly active 
ingredient selection but their effect varies across practices. 
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Sydorovych and Marra (2007) proposed a method to measure changes in 
environmental and human health conditions resulting from adoption of genetically 
engineered (GE) soybean varieties. Their approach involves the use of “herbicide isk 
indices” to adjust the quantities of herbicides applied in conventional and GE varieties. 
These indices contain information about the level of the environmental and human health 
risks of each herbicide weighted by the importance farmers place on each type of risk. To 
determine the importance of each attribute, farmers’ choices were modeled as a function 
of herbicide characteristics. Information regarding the herbicides’ non-productive 
attributes was obtained from two sources: MSDS’s (acute oral, inhalation and dermal
toxicities, and aquatic toxicity) and product labels (eye injury, chronic risks, and surface 
and groundwater contamination). Similar to previous studies they included production 
attribute measures (application cost, and efficiency to control grasses nd broadleaf 
weeds). 
Results from their mixed logit estimation suggest that farmers consider the level 
of acute oral and dermal toxicities, chronic problems, surface water contamination, and 
aquatic toxicity to be important attributes in herbicide choice. Because these 
characteristics are measured in different units, Sydorovych and Marra (2007) 
standardized their coefficients before calculating the risk indices. Each coefficient () 
was multiplied by the standard deviation () of the corresponding risk attribute. The 
transformation reveals the relative importance of each type of risk. The transformed 
coefficients were subsequently used to establish a set of weights (), defined as: 
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  ∑                                                            	2.1 
These weights were used to calculate the risk index () for each herbicide (): 
   ,


                                                       	2.2 
where , is the herbicide’s level of risk associated with attribute . 
To analyze the sensitivity of these indices to different measures of relative 
importance, Carpio et al. (2007) utilized four methods to estimate the relative importance 
of the attributes. They evaluated the unstandardized and standardized estimated 
coefficients of a conditional logit choice model, a relative importance index proposed by 
Soofi (1992), and a measure proposed in the marketing literature (Green and Wind, 
1975). The first two methods are based on marginal changes and therefore, their sults 
are conditional on the effect of the other variables. The last two methods are aggregate 
measures of relative change which are not conditional on the effect of the other variables. 
In general, their results suggest that the risk indices and the rankings of the herbicides (in 
terms of the index) are consistent across the four methods used to measure relative 
importance. 
Carpio et al. (2007) used separate variables of effectiveness to control grass and 
broadleaf weeds, calculated by averaging percent control on individual weeds for which 
information was available. Herbicide costs and crop stage-specific application osts were 
also included. Each risk attribute (eye toxicity, dermal toxicity, ingestion and inhalation 
18 
 
toxicity, chronic toxicity, surface water risk, and groundwater risk) was assigned a value 
of 0 if it presents no risk, 1if it presents low risk, 2 if it presents moderate risk, and 3 if it 
presents high risk.  
Later Sydorovych and Marra (2008), proposed a different method to value 
environmental and human impacts of pesticides. Instead of using indices to adjust the 
quantities of herbicides applied, they measured the change in farmers’ welfare r sulting 
from the adoption of soybean GE varieties. Farmers WTP for each attribute was 
multiplied by the corresponding change in risk associated with the use of different 
herbicides on GE varieties. Their estimated WTP values per acre are $0.004 for a one 
LD50 dose
2 reduction of human health risk by ingestion, $3.35 to avoid surface water 
contamination and $9.99 to avoid high risk to chronic human health. 
As shown in this chapter, previous studies dealing with farmers’ valuation of 
environmental and health attributes of pesticides have relied on information contained on 
MSDS’s rather than on information displayed on labels. In other words, it has been 
assumed that farmers are able to understand the complex language used in MSDS’s
despite the low level of comprehensibility among workers (Sattler, 2002 and Nicol et al., 
2008). Unfortunately there is not information about farmers’ level of understanding of 
pesticide labels. Nonetheless, there are two reasons why farmers may comprehend better 
the label contents. First, instead of technical information, labels use signal words and 
precautionary statements to alert farmers about the risks associated with ach pesticide. 
                                                          
2
 LD50 is the amount of a chemical (measured in mg per Kg of body weight) that kills 50% of a group of test 
animals. A “LD50 dose” refers to the division of the herbicide application rate by its corresponding LD50 
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Second, while applicators are not in the obligation of reading MSDS’s, they are required 
by law to read the label before using any pesticide. Hence, this study compares the 
performance of models using information from labels versus models based on 
information from MSDS’s. 
Pesticide’s Labels 
In the U.S, the Environmental Protection Agency (EPA) regulates the registration, 
manufacture, sale, transportation, use and labeling of pesticides under the authority of 
two federal statutes: the Federal Insecticide, Fungicide, and Rodenticide Act (FIFRA) 
and the Federal Food, Drug, and Cosmetic Act (FFDCA). The EPA establishes standards 
for location and content of label information corresponding to the following four 
categories: 1) safety information, 2) environmental information, 3) product information 
and 4) use information. Different sections of the label, relevant to this study, are shown 




































         Source: Environmental Protection Agency (EPA), 2007 
 
       Figure 2-1: Pesticide Sample Label Format 
RESTRICTED PESTICIDE USE 
(If applicable) 
Due to (insert reason) 
For retail sale and use only by Certified Applicators or persons 
under their direct supervision…  
PRODUCT NAME 
Product Information: (What the product is used for) 
 





If Swallowed, if Inhaled, if on Skin, if on Eyes 
Remainder to have label. Emergency phone number 
Note to Physician: 
 
SEE OTHER PANEL FOR PRECAUTIONARY STATEMENTS 
 
ACTIVE INGREDIENT(S):…………………………………………………       % 
OTHER INGREDIENTS:……………………………………………………       % 
TOTAL:………………………………………………………………………….100% 
This product contains       lbs of [a.i.] per gallon 
 
Net Contents          . 
PRECAUTIONARY STATEMENTS 
 
















DIRECTIONS FOR USE 
 
It is a violation of Federal law to use 
this product in a manner inconsistent 
with its labeling 
 
GENERAL INSTRUCTIONS AND 
INFORMATION 
 
GENERAL INFORMATION (non-site specific) 
 
GENERAL PRECAUTIONS AND 
RESTRICTIONS (non-site specific): 







































Use classification (A) 
Pesticides are classified either for “general-use” or “restricted-us ”. Restricted-
use pesticides have greater potential to harm the environment or the applicator when they 
are not used properly. In order to purchase, apply or supervise the application of a 
restricted-use pesticide, applicators are required to receive proper training nd obtain 
certification. A statement in the top of the front label identifies restricted use pesticides. 
No statements are required for general-use pesticides. 
Signal Word (B) 
The signal word indicates the approximate toxicity of the pesticide product. It is 
determined by the most severe toxicity category assigned to five toxicity studies: acute 
oral toxicity, acute dermal toxicity, acute inhalation toxicity, primary eye irritation and 
primary skin irritation (Table 2-1). From the highest to the lowest toxicity level, the 
signal words and their corresponding associated toxicity categories are:  
Toxicity Category I: DANGER  
Toxicity Category II: WARNING  
Toxicity Category III: CAUTION  





"Skull & Crossbones" symbol and the word "POISON"  (C) 
The word "POISON" and the “skull and crossbones” symbol are required for 
products classified as toxicity category I for acute oral, acute dermal or acute inhalation 
toxicity. 
Precautionary Statements (D) 
Hazards to Humans and Domestic Animals (D1) 
Hazards to Humans and Domestic Animals statements are required when any 
acute toxicity study results in a product classification of toxicity category I, II, or III. In 
this case, the proper statement must be shown according to Table 2-1. Additionally, if the 
dermal sensitization test is positive for the product, the following statemen  is displayed: 














Acute              
Oral 
Acute          
Dermal 
Acute          
Inhalation 
Eye          
irritation 


















May be fatal 
if swallowed 
May be fatal 
if absorbed 
through skin 





















with skin or 
clothing 
IV None required. Formulators may use category III labeling 
1The term "corrosive" is not required if corrosive effects were not observed during the study 
Source: Environmental Protection Agency (EPA), 2007 
  
Environmental Hazards (D2) 
This label section provides the precautionary language advising of potential hazards 
to the environment from transport, use, storage, or spill of the product. These hazards 
may be to water, soil, air, beneficial insects, plants, and/or wildlife. 
• Groundwater Label Advisories 
Groundwater advisories are displayed for either chemicals that have been found in 
groundwater or for chemicals with little or no monitoring data that have 
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environmental fate properties similar to pesticides that have been found in 
groundwater. In either case, the following statement is shown: 
 “This chemical may leach into groundwater if used in areas where soils are 
permeable, particularly where the water table is shallow.” 
• Surface Water Label Advisories 
When appropriate, after the environmental assessment, the EPA requires the 
following statement to be added to agricultural labels: 
“This product is classified as having high potential for reaching surface water via 
runoff for several days after application”. 
The underlined phrases vary depending on the potential to contaminate surface water 
or aquatic sediments, and the duration of the risk. 
• Bird and Mammal Hazard Statement 
The following statement is displayed when a pesticide is considered dangerous to 
mammals or birds:  
“This pesticide is toxic to [birds] [mammals] or [birds and mammals]”. 
• Fish/Aquatic Invertebrate Statement 
The following statement is displayed when a pesticide is considered dangerous to 
fish/aquatic invertebrates:  
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“This pesticide is toxic to [fish] [fish and aquatic invertebrates] [oyster/shrimp] or 
[fish, aquatic invertebrates, oysters and shrimp]”. 
• Honey-Bee Hazard Statements 
If a pesticide is toxic to pollinating insects, a "Bee Hazard" warning is required to be 
included in the Environmental Hazards: 
“This product is toxic to bees exposed to direct treatment or residues on blooming 
crops or weeds. Do not apply this product if bees are visiting the treatment area”. 
Physical or Chemical Hazards (D3) 
This label section addresses flammability, explosive potential and precautions. 
The statements: “Extremely flammable”, “Flammable”, “Combustible” or “Contents 




3. DATA AND METHODS SSS 
Data on farmers pesticide use were obtained by a telephone survey to soybean 
producers conducted by Doane’s Market Research in cooperation with North Carolina 
State University in 2002. Surveys of 610 farmers from 19 states revealed 1,770 herbicide 
choices for three crop stages: pre-planting, pre-emergence and post-emergence. Th  
surveyed states accounted for 93% of the U.S. soybean planted acreage in 2002. States 
were fairly represented in the sense that the number of respondents from each state wa  
proportional to the share of the national soybean acreage as shown in Table 3-1. The 
survey also collected information regarding producers’ demographics and farm ope ation 





















Iowa 94 15.4 14.1 Mid-West 
Illinois 93 15.2 14.3 Mid-West 
Minnesota 62 10.2 9.7 Mid-West 
Indiana 50 8.2 7.8 Mid-West 
Nebraska 45 7.4 6.4 Mid-West 
Missouri 42 6.9 6.8 Mid-West 
Ohio 41 6.7 6.4 Mid-West 
South Dakota 39 6.4 5.7 Mid-West 
Kansas 27 4.4 3.7 Mid-West 
Arkansas 26 4.3 4.0 Mid-South 
Michigan 19 3.1 2.8 Mid-West 
Wisconsin 13 2.1 2.1 Mid-West 
Kentucky 12 2.0 1.8 Mid-West 
Mississippi 12 2.0 1.9 Mid-South 
North Carolina 12 2.0 1.9 Eastern Coastal 
Tennessee 10 1.6 1.6 Mid-South 
Louisiana 7 1.1 1.1 Mid-South 
South Carolina 4 0.7 0.6 Eastern Coastal 
Alabama 2 0.3 0.2 Mid-South 
All Sates 610 100 93.0   
1NASS, USDA 













Table 3-2: Farmer’ Demographics and Farm Operation Characteristics 




Age Years 56.6 10.8 
Production experience Years 33.3 11.9 
Education Years 13.4 2.1 
Time spend on farm operation Percentage 90.1 21.0 
Time spend on crop production Percentage 78.5 26.1 
Income $1,000/year 341.1 277.2 
    Operation Characteristics 
Farm land Acres 1153.6 987.4 
Owned Acres 534.0 628.6 
Leased Acres 619.5 706.9 
Soybean planted Acres 476.1 404.9 
     Source: Sydorovych, 2005 
 
 
Information regarding the environmental and human safety characteristics of the 
herbicides was obtained exclusively from the labels. Information related to the production 
characteristics was obtained from several sources. Prices were obtained from: Boerboom 
and Trower -Wisconsin-, 2002; Wrage et al. -South Dakota-, 2002; Salassi -Louisiana-, 
2002; Steckel and Breeden -Tennessee-, 2004. Three data sets were utilized to construct 
herbicide efficacy indices specific for soybean production: 
1. Data on the most common weeds on U.S. soybean fields were obtained from Meyer et 
al. (2006). He presents the number of states that have reported each weed as a 
common one in soybean fields. This information was provided for three U.S. regions: 
Mid-West, Mid-South and Eastern Coastal (). 
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2. Data on herbicides’ efficacies to control weeds in pre-emergence and post-emergence 
stages were obtained from Zandstra et al. (2004). They provide a complete list of 
herbicides control ratings for individual weeds measured on the following scale: 
0 = No known activity. 
1 = Excellent control of the weed at this stage. 
2 = Fair control of the weed at this stage. 
3. Acreage data for soybeans planted in 2002, at the state level, was obtained from the 
NASS-USDA data base. 
Theoretical Models 
Following previous approaches to analyze revealed preference information, two 
theoretical models are proposed: a hedonic price model and a random utility model 
(RUM) under the discrete choice setting. In both models it is assumed that an herbicide 
    1, … ,  can be described by a vector   of ! characteristics which include the 
price of the herbicide (") and three attribute subcategories, so that 
  #"    $     %     & '. The first category, represented by the ()1 vector $, describes 
production attributes of the herbicide. For instance, this category includes its efficacy to 
control weeds, its selectiveness to control certain types of plants and its persistence on the 
soil to control weeds for extended periods of time. The second category, represented by 
the *)1 vector %, describes the effect of the herbicide on the environment. For 
example, the characteristics in this vector may include the potential to contamina e water 
and the toxicity level to birds, mammals and aquatic organisms. The third category, 
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represented by the +)1 vector &, refers to human safety characteristics such as acute 
toxicity levels. 
Farmers are assumed to have complete understanding of the production 
characteristics of the herbicides in the choice set. This implies that they are able to rank 
all the herbicides in  by the level of any characteristic in $. However, because the 
environmental and human safety attributes are not linked directly with farm productivity 
(at least not in the short-run), their understanding regarding % and & is assumed to be 
constrained by the information displayed on the labels. Moreover, as previously noted, 
prior studies suggest that farmers do not comprehend pesticide information at the level of
detail presented on the MSDS’s. 
Hedonic Model 
Within the context of agricultural household models, when farmers select an 
herbicide from all the alternatives in , they face two situations: 1) as consumers, the 
application of herbicide  might affect their utility by altering human health and 
environmental conditions, and 2) as producers, application of herbicide  int nds to 
maximize profits that in turn affect utility indirectly through consumption (Si gh et al., 
1986). 
Farmer , is assumed to maximize the utility function -.  	%, &, /., where /. is 
the composite commodity with a normalized price of $1. His maximization is constrained 
by his profit 0.  1 2 3.	$, 4. 5 "	$, %, & 5 .	6. 2 7, where 1 is soybean 
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price, 3.	· is the farm production function of soybeans per acre, 4. is a vector of 
parameters affecting the production function, "	· is the cost per acre of the herbicide, 
.	· is production costs per acre (excluding herbicides), 6. is a vector of parameters 
affecting production costs, and 7 is the number of acres of soybeans. 
The observed cost per acre of each herbicide is associated with its vector of 
characteristics so that "  	$, %, &. This cost function reveals the minimum price of 
a group of characteristics obtained from comparing different herbicides with different 
characteristics (Rosen, 1974). Since farmers allocate all their profit int  consumption, 
0.  /.. Formally, if herbicide 2 maximizes farmer , utility, then:  
2  9: ;9) -.	%, &, /.         <-=>?/@ @A: 
/.  1 2 3.	$, 4. 5 "	$, %, &5.	6. 2 7                         	3.1 
Equations 3.2 and 3.3 are obtained by dividing the first order conditions (FOC’s) 
involving environmental and health characteristics by the FOC associated to 
consumption. These equations imply that, at the maximum, farmers’ marginal rate of
substitution between non-productive attributes and consumption (also called farmers’ 
willingness to pay) must equal the implicit price of the attributes (Bajari nd Benkard, 
2005): 
D-.	%2 , &2 , /.D),ED-.	%2 , &2 , /.D/.
 D"2	$2 , %2 , &2D),E 2 7                                  	3.2 
32 
 
D-.	%2 , &2 , /.DF,GD-.	%2 , &2 , /.D/.
 D"2	$2 , %2 , &2DF,G 2 7                                  	3.3 
The FOC involving production characteristics of the herbicide reveals the 
necessary equality for profit maximization: marginal revenue of attribu e ,H must equal 
its marginal cost (implicit price).  
1 2 D3.	$2 , 4.D,H 
D"	$2 , %2 , &2D,H                                     	3.4 
If farmers’ utility function is assumed to be log-linear in the characte istics of the 
herbicides, i.e. -.  J. log	% N O. log	& N /., the vector of individual preference 
parameters P.  #J. O. ' can be recovered from the FOC’s in (3.2) and (3.3):  
Q.,E  ),E2 D"2	$2 , %2 , &2D),E           RA ;  1, … , *                     	3.5 
.,G  F,G2 D"2	$2 , %2 , &2DF,G           RA T  1, … , +                        	3.6 
For discrete characteristics the first order conditions in (3.2) and (3.3) do not hold. 
As suggested by Bajari and Kahn (2005) we define two vectors, V and W, as vectors of 
characteristics with the same values observed in 2 except for the indicator variable XY . 
In V we let XY  1 and in W we let XY  0. Then, the implicit price faced by farmer , 
for characteristic XY  is 
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∆"∆XY  "	V 5 "	W                                                 	3.7 
In other words, the implicit price of the discrete attribute XY  is defined as the price 
difference between two herbicides differing only in the presence/absence of XY . In this 
case, utility maximization implies that if the farmer , chooses an herbicide with the 
attribute XY , his marginal WTP (or marginal revenue in the case of production attributes) 
for this characteristic must exceed its implicit price: 
]X2Y  1^ _ `a.,bcd e
∆"∆XY f                                              	3.8 
]X2Y  0^ _ `a.,bcd h
∆"∆XY f                                             	3.9 
Random Utility Model – Discrete Choice Setting 
Farmer , is assumed to choose the herbicide 2 that provides the greatest utility 
j.,2  among all the herbicides in . The utility he obtains from this choice is affected 
directly by the human safety and environmental characteristics of the herbicid . For 
example, contamination of drinking water or negative effects on recreational activities 
such as fishing, hunting or swimming may reduce farmer’s utility (Sydorovych, 2008). In 
this context, if two herbicides differ only on their safety level, the farmer will choose the 
safer one. However, his utility is also affected indirectly by the production a tributes 
which determine farmer’s profits and therefore his level of consumption /.,. Utility can 
be expressed as: 
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j., k%.,, &.,, /.,l", $.,mn                                             	3.10 
In this setting, farmer’s level of consumption is linked to his choice of pesticides 
through the soybean production function and production costs. The reduced form of the 
utility in 3.10 is j.,l",,, %.,, &.,, $.,m  j.,l.,m . Since not all the variables in 
j.,	.  are observed, farmer’s utility can be written as j.,  o., N p., where o.,lq.,m 
is the portion of utility that only includes observed attributes and p., captures the effect 
of the factors not included on o.,. 
The probability that farmer , chooses herbicide  is 
r.,  rA=s	j., e j.,H t  u vs  
r.,  rA=s	o., N p., e o.,H N p.,H t  u vs 
r.,  rA=	p.,H 5 p., h o., 5 o.,H t  u v                               	3.11 
Assuming each p., is independently, identically distributed extreme value with 
cumulative distribution function wlp.,m  ?xyz{|,c , the probability that farmer i chooses 
herbicide  can be written as 
r.,  ?
~|,c
∑ ?~|,H                                                          	3.12 
which is the logit choice probability (Train, 2003). Moreover, if o., is a linear function 





∑ ?O|,c                                                       	3.13 
Initial concerns regarding the assumptions behind the logit specification led to 
testing the adequacy of more flexible models. A limitation of the logit model is that the 
vector of coefficients O is constant across farmers. Therefore, it does not account for the 
fact that some farmers may be more concerned for example about water contamination 
problems than others. A second limitation is that logit models cannot handle situations 
where the unobserved portion of the utility is correlated among herbicides. Snce our 
choice set contains herbicides that are combinations of other herbicides, this assumption 
may be restrictive. For example, if herbicide A is a combination of B + C, the error term 
of A may be correlated with the error terms of B and C. A third concern is that the data 
set presents farmer’s choices of herbicides for three crop stages: pre-planting, pre-
emergence and post-emergence. Because the herbicide applied as a pre-emergent ight 
influence the weed population in the future, the herbicide applied on post-emergence is 
likely to be related to the previous decision. Therefore, the logit assumption of 
independent errors among choices may be inappropriate. 
As shown in Train (2003) and Hensher and Green (2003), the mixed logit model 
relaxes these three assumptions. In this model herbicides’ probabilities are given by the 
integrals of the standard logit probabilities (equation 3.13) over a density of parameters 
R	O: 
r.,    ?
O|,c
∑ ?O|,c  R	OO                                          	3.14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The distribution of O is usually interpreted as variations on the importance that 
different farmers place into the characteristics of the herbicide. Train (2003) discusses the 
mechanism in which this model accounts error correlation across herbicides wher as 
Hensher and Green (2003) address the correlation across choice occasions problem.  
Measuring Willingness to Pay (WTP) 
The logit models used in this study allow recovering Hicksian estimates of 
farmers’ WTP for risk reductions. This value is defined as the increase in the price of the 
herbicides that keeps farmers’ utility constant given a reduction in risk (Train, 2003). 
Farmers’ WTP can be calculated by taking the total derivative of utility and setting it to 
zero to keep utility unchanged. Then it is possible to solve for the change in price that 
keeps utility constant after a change in the level of any environmental ()E) or human 
safety (FG) attribute: 
r  D",/?D)E  5
QE.y                                          	3.15 
r  D",/?DFG  5
G.y                                           	3.16 
where QE is the parameter related to the environmental attribute ;, G is the parameter 
related to the human safety attribute T, and .y is the parameter related to the ",/? 
attribute. The negative signs indicate that if utility is affected in the sam direction by 
price and risk (both are expected to reduce utility), in order to keep utility constant, price 
has to rise when the level of risk decreases. 
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Empirical Model Specification and Applications  
This section provides a detailed explanation of the variables used in the empirical 
estimation of the models. In addition, this section addresses some econometric 
specification concerns, explains the approaches used to measure goodness of fit and 
compare different model specifications, and reviews the theory behind the constru tion of 
the herbicide risks indices.  
Observed Attributes of the Herbicides 
Both the hedonic and the discrete choice theoretical models include four sets of 
herbicides characteristics: a) herbicide costs, b) production attributes related to the 
properties to control weeds; c) environmental attributes linked to the potential 
consequences on the ecosystems; and d) human safety attributes associated to the 
dangerousness at which workers and consumers are exposed to. 
Herbicide costs (ph) 
Herbicides contain varying amounts of different active ingredients and are appli d 
at different rates; therefore, comparisons between prices per unit (gallon or p und) of 
commercial formulations or active ingredients do not provide useful information. In the
model, the price of each herbicide was adjusted by the recommended rate for soybean  to 
obtain standardized prices per acre. Additionally, the costs related to the application of 
the herbicide in the field were also accounted for. Specifically, the variable included in 
the models is: 
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• Price is a continuous variable that measures the cost of the herbicide in dollars per 
acre. 
In the hedonic framework this variable was considered as the dependent variable 
in the model, whereas in the discrete choice framework it was part of the group of 
independent variables. 
Production Attributes ($) 
The hedonic and discrete choice models included the following four production 
variables:   
• Pre-Grass is a continuous variable that measures the efficacy to control grass weeds 
in pre-emergence applications. It can take values from 0 to 100. 
• Post-Grass is a continuous variable that measures the efficacy to control grass weeds 
in post-emergence applications. It can take values from 0 to 100. 
• Pre-Broad is a continuous variable that measures the efficacy to control broadleaf 
weeds in pre-emergence applications. It can take values from 0 to 100. 
• Post-Broad is a continuous variable that measures the efficacy to control broadleaf 






Variable construction  
Because herbicides control groups of weeds sharing characteristics of 
vulnerability, their efficiency may vary widely across weed species, families, etc. 
Usually, a general distinction is made between broadleaf weeds and grass weeds when 
farmers refer to the objective weed population.  However, this is not the only source of 
efficiency variability. The time of application is also an important factor to take into 
account. Even if an herbicide controls extraordinarily well a specific weed that has 
already emerged (post-emergence), it may not control the same weed before its 
emergence (pre-emergence). Clearly, herbicides’ efficiency depends on the weed 
population in the field and the time at which the product is applied. 
To measure herbicides’ efficiency to control weeds on soybean fields, indices for 
pre-emergence and post-emergence control on broadleaf weeds and grass weeds wer  
constructed. First, the regional shares 	 for regions   1, … ,  of U.S. soybean 
production were estimated. To be consistent with the data from Meyer et al. (2006) which 
presents information on common weeds in soybean fields, three major production regions 
were considered: Mid-West, Mid-South and Eastern Coastal. 3 The number of states in 
each region that reported a given weed as a common one (“regional votes”) was used to 
estimate the regional relevance of a weed. For example, in the Midwest region, 12 out of 
13 states reported foxtail as a common weed (note that each state can report more than 
one weed). The number of regional votes that a grass weed : 	:  1, … ,  or a 
                                                          
3
 Data contain information on 26 out of 31 states for which the USDA reported soybeans production in 
2002.  It is equivalent to 99% of planted area of soybeans in the U.S. for that year. 
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broadleaf weed = 	=  1, … ,  received in region  will be denoted as o, and o,, 
respectively. The regional votes were adjusted with the share of the corresponding region 
to obtain “weighted regional votes” 	o,2  and o,2 . For example, the 12 regional votes 
for foxtail in the Midwest region represent 10.3 weighted regional votes 	12 2 0.86. 
Adding the weighted votes from all the regions we obtain “weighted total votes” 	o2 
and o2 for each weed: 
o2   o, 2 


               9T               o2   o, 2 


              	3.17 
The importance of each weed is subsequently calculated as follows: 
  o
2
∑ o2                9T              
o2∑ o2                        	3.18 
Zandstra et al. (2004) provides ratings of herbicide effectiveness against 
individual weeds for pre-emergence and post-emergence applications. Their scaling of 1 
for “excellent control” and 2 for “fair control” was transformed to 100% and 50% control 
respectively. “Not known control” is 0 in both cases. For herbicides with two or more 
active ingredients the highest efficiency from all the active ingredients n the mixture was 
used. The pre-emergence efficacy of herbicide  to control weed : can be denote as 





The final indices are computed as follows: 
7y   


2 w,y                    7   


2 w,           
7y   


2 w,y                    7   


2 w,           	3.19 
These indices account for the relevance of each weed in soybean fields adjusted 
by the importance of the region reporting the weed. They also transform the categorical 
(discrete) values of effectiveness from Zandstra et al. (2004) into a continuous variable. If 
an herbicide has an “excellent” pre-emergence control over all the common grass weeds 
reported in Appendix A, its corresponding index would have a value of 100. If an 
herbicide has a “fair” pre-emergence control over all the common grass weed , its 
corresponding index would have a value of 50. Obviously, if it does not control any of 
these weeds it would have an index of 0. Any combination results in values within the 
range 0-100.  
Human safety attributes (&) 
Information regarding human safety attributes is presented in two different parts 
of the label. The most distinctive human safety information is that related wih the “signal 
word” which is intended to reflect the level of dangerousness of the herbicide using four 
toxicological categories.  Human safety information is also presented in he statements 
from the “Hazards to Humans and Domestic Animals” label section. However, the 
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information presented in this section is not as prominently displayed as the signal word. 
Additionally, the statements are usually interspersed between phrases that are common to 
more than one toxicity category. Including variables from the two sections in onem d l 
creates multicollinearity problems because they explain the same information at a 
different level of aggregation. Hence, two different models were estimated: 
a) Model I which includes only the information reflected in the “Signal Word”, and 
b) Model II which includes the “Hazards to Humans and Domestic Animals” section. 
Specifically, the human safety variables used in Models I and II were (s e Table 
3-3 for the summary statistics): 
Signal Words (Exclusive for model I) 
• Danger is an indicator variable equal to 1 if the label shows the signal word “danger” 
and is 0 otherwise. 
• Warning  is an indicator variable equal to 1 if the label shows the signal word 
“warning” and is 0 otherwise. 
• Caution is the base level in the group of indicators for “signal word”. An herbicide 
displaying the signal word “caution” has 0 in both danger and warning variables. 
Hazards to Humans and Domestic Animals Statements (Exclusive for model II) 
• Oral  is an indicator variable equal to 1 if the label shows any acute oral statement 
corresponding to toxicities levels I, II or III (Table 2-1) and is 0 otherwise. 
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• Dermal is an indicator variable equal to 1 if the label shows any acute dermal 
statement corresponding to toxicities levels I, II or III (Table 2-1) and is 0 otherwise. 
• Inhalation  is an indicator variable equal to 1 if the label shows any acute inhalation 
statement corresponding to toxicities levels I, II or III (Table 2-1) and is 0 otherwise. 
• Eye is an indicator variable equal to 1 if the label shows any eye irritation statemen  
corresponding to toxicities levels I, II or III (Table 2-1) and is 0 otherwise. 
• Skin is an indicator variable equal to 1 if the label shows any skin irritation statement 
corresponding to toxicities levels I, II or III (Table 2-1) and is 0 otherwise. 
Finally, two other human safety characteristics common to both models were: 
• Restricted is an indicator variable equal to 1 if the herbicide shows in its label the 
statement “Restricted use” and is 0 otherwise, and  
• Sensitization is an indicator variable equal to 1 if the label shows the dermal 
sensitization statement and is 0 otherwise. 
The statement related with “restrictive use” is located above the commercial name 
and is normally enclosed in a rectangle. Although the restriction could be relat d to either 
highly human toxic properties or environmental concerns it was included as a human 
safety attribute. 
Even though information about the results from the sensitization study is part of 
the “Hazards to Humans and Domestic Animals” section, it was included in both models 
because it is not related to the “signal words”. 
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Environmental attributes (%) 
Even though pesticide labels may display several statements related to their
environmental properties, the set of herbicides included in our sample only displayed 
statements of risk of water contamination at the surface and underground levels, and the 
level of toxicity to fish and aquatic invertebrates. None of the herbicides in the sample 
contained statements regarding “bird and mammal” or “honey-bee” hazards and therefore 
were not included in the model. 
The environmental variables used in the empirical models are: 
• Fish is an indicator variable equal to 1 if the label shows a statement advising a 
potential hazard to fish or aquatic invertebrates, and is 0 otherwise. 
• GWA  is an indicator variable equal to 1 if the label shows a groundwater advisory, 
and is 0 otherwise. 
• SWA is an indicator variable equal to 1 if the label shows a surface water advisory, 
and is 0 otherwise. 
Patent variable 
Following Beach and Carlson (1993), an additional explanatory variable was 
included in the hedonic model to account for the effect that an active patent may have on 
herbicide price. Typically, the patent system is used to permit a higher-than-marginal-
cost price for the first generation of consumers who absorb the development cost. After 
the product goes off patent, price normally falls and future consumers face a cost closer 
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to the marginal cost of production and distribution (Barton, 2001). The patent variable 
was specified as follows:  
• Patent is an indicator variable equal to 1 if the active ingredient patent was valid on 
2002 and is 0 otherwise. 
Table 3-3: Summary Statistics of Herbicide Characteristics 




      Production attributes 
      Pre-Grass Continuous (index) 22.7 24.3 0 67.5 
Post-Grass Continuous (index) 22.2 28.1 0 91.2 
Pre-Broad Continuous (index) 28.8 27.5 0 72.5 
Post-Broad Continuous (index) 33.5 26.1 0 86.8 
Price Continuous ($/acre) 10.8 5.1 0.96 20.4 
      Human Safety attributes 
      Restricted Dummy   Yes = 1 0.05 0.23 0 1 
        Signal Word 
           Danger Dummy   Yes = 1 0.27 0.45 0 1 
Warning Dummy   Yes = 1 0.20 0.40 0 1 
Caution Danger & Warning = 0 0.53 0.50 0 1 
        Hazards to Humans Statements 
          Oral Dummy   Yes = 1 0.65 0.48 0 1 
Dermal Dummy   Yes = 1 0.80 0.40 0 1 
Inhalation Dummy   Yes = 1 0.47 0.50 0 1 
Eye Dummy   Yes = 1 0.95 0.23 0 1 
Skin Dummy   Yes = 1 0.20 0.40 0 1 
Sensitization Dummy   Yes = 1 0.36 0.49 0 1 
      Environmental attributes 
      Fish Dummy   Yes = 1 0.49 0.50 0 1 
GWA Dummy   Yes = 1 0.64 0.49 0 1 
SWA Dummy   Yes = 1 0.25 0.44 0 1 




Farmers listed a total of 86 commercial herbicides, some of them sharing the same 
active ingredient/s. An analysis on individual commercial products would provide a way
to capture the effect of different prices and slight variations on the displayed 
environmental and human safety characteristics (usually due to variations on the txicity 
of the inert ingredients), among products with identical active ingredients.  However, 
information about prices for the less frequently used commercial products was not 
available. For this reason the analysis is based on active ingredients. To analyze the 
sensitivity of the results to this assumption, a model excluding the observations related to 
the choice of the less frequently used products was estimated. The results of this model 
were very similar to the results obtained when herbicides sharing the same active 
ingredient were grouped, keeping the characteristics of the most frequently chosen 
commercial product within each group. To maintain all the available observations, the 
second approach was used. 
Specification test 
The data set contains characteristics that suggest logit models may not be 
adequate for this analysis. Concerns regarding the assumptions of constant coefficients 
across farmers and independent errors across herbicides and choice occasions, led t  
testing the adequacy of a more flexible mixed logit model. As suggested by Hensher and 
Greene (2003) the likelihood ratio test 
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(  52 ln  (H.(E.y ¡                                                 	3.20 
was used to determine whether the contribution of additional information obtained from 
fitting a mixed logit model, is statistically different from the simpler model. The mixed 
logit models were estimated assuming all parameters are random and follow a normal 
distribution. 
Comparison of Competing Models and Goodness of Fit Measures  
Since the empirical analysis required the estimation of competing models with 
different sets of explanatory variables, two goodness of fit measures wer considered: the 
likelihood ratio index (LRI) and the Akaike's Information Criterion (AIC). 
The likelihood ratio index is often used to determine the goodness of the model to 
fit the data. This statistic measures how well the model performs compared to a model in 
which all the parameters are zero (Train, 2003). The index is defined as 
¢  1 5 ((	((	0                                                        	3.21 
where ((	 is the value of the log-likelihood function evaluated at the estimated 
parameters and ((	0 is its value when all the parameters are set equal to zero. In our 
case, with T observations and  herbicides the denominator becomes ((	0  xG. 
The likelihood ratio index ranges from 0 to 1. If the estimated model does not 
improve the likelihood compared to the model with all parameters equal to zero, then 
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((	  ((	0 and so ¢  0. Conversely, if the model predicts perfectly all choices in 
the sample (	  1 because the probability of observing the choices that were actually 
made is one. Consequently ((	  0 and so ¢  1. The likelihood ratio index is valid 
to compare models estimated with identical samples with the same set of altrnatives 
(Train, 2003).  
Another approach to measure the goodness of fit of a model that is commonly 
used for the identification of an optimum model in a class of competing models is the 
Akaike's Information Criterion (AIC): 
7£  2 5 2 ((	                                                  	3.22 
where  is the number of parameters in the fitted model. The term 2 ((	 is a measure 
of the lack of fit of the chosen model, while the term 2 measures the increased 
unreliability of the chosen model due to the increased number of model parameters. The 
best approximating model is the one which achieves the minimum AIC in the class of the 
competing models (Mutua, 1994). 
Measures of Relative Importance 
Because all human safety and environmental characteristics are modeled with 
indicator variables, comparisons among them are straight forward. In this case there is no 
discrepancy in units of measurements or range of the variables. To determine the relativ  
importance of each attribute, their average marginal effect on the probability of herbicide 
selection or their average marginal contribution to the farmer’s utility (parameter 
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estimated in the logit regression) can be compared. However, problems arise when it is 
necessary to compare these variables with the production attributes which are continuous 
variables differing in units of measurement and range.  
Two of the four measurements that Carpio et al. (2007) indentified to estimate the 
relative importance of variables in the context of logit models, standardized estimat d 
coefficients and a measure of attribute relative importance from the marketing literature, 
are used in this study (Green and Wind, 1975). The standardized coefficients are 
calculated by multiplying the coefficient from the logit regression by the sample standard 
deviation of the predictor. The new coefficients transform the independent variables into 
variables measured in “standard deviation units” (Carpio et al., 2007). The second 
measure involves the multiplication of the range of each attribute (highest minus lowest 
value of the characteristic) by its corresponding coefficient from the logit regression. 
Green and Wind (1975) affirm that this measure provides an idea of the attributes’ 
relative importance by allowing us to compare the utility range of each attribute. 
Traditional Measurements vs. Label Information 
Previous studies analyzing the effect of human and environmental characteristics 
on farmers’ choice of herbicides have assumed that farmers’ understanding of pesticides 
is based on sources of information offering a higher level of detail than labels provide. 
For example, MSDS’s present “lethal dose” (LD50) values for oral and dermal toxicities, 
and “lethal concentration” (LC50) values for inhalation toxicity. These are standard values 
for comparing the toxicity of chemicals and correspond to the amount (or concentration) 
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that kills 50% of a group of test animals. Note that the larger these values, the lower the 
toxicity. As shown in Table 3-4, the human hazard statements displayed on the labels 
Table 2-1 are directly related to these values and thus determining the actual f rmer’s 
source of information (or level of understanding) is complex. The performance of th  
models, which only included the information presented on the labels, was compared with 
an alternative specification of the model that assumes farmers have a complete 
understanding of the information presented in the MSDS’s. 
If farmers fully understand the information from the MSDS’s, they would be able 
to differentiate not only between herbicides that fall in different toxicological categories 
(Table 2-1), but also between herbicides in the same category with small differences in 
toxicity. For example, although the inhalation toxicities for halosulfuron and 
pendimethalin fall in the IV toxicity category, farmers would recognize that for this type 
of toxicity pendimethalin is safer (LC50 = 320) than halosulfuron (LC50 = 2.2). If this is 
the case, the inclusion of these continuous variables should improve the performance of 
the models. Conversely, if farmers only distinguish among the categories on Table 2-1, 
using these variables would add noise to the models and negatively affect the measures of 


















Up to and 
including 50 
mg/kg 
Up to and 
including 200 
mg/kg 




> 50 thru 500 
mg/kg 
> 200 thru 2000 
mg/kg 
> 0.05 thru 0.5 
mg/liter 
III 
> 500 thru 5000 
mg/kg 
> 2000 thru 5000 
mg/kg 
> 0.5 thru 2 
mg/liter 
IV > 5000 mg/kg > 5000 mg/kg > 2 mg/liter 
         Source: EPA, 2007 
 
The model assuming complete knowledge of the MSDS’s (Model MSDS) is 
closely related to model II. The indicator variables “oral”, “dermal”, “inhalation” and 
“fish” were replaced by their continuous counterparts: 
• Oral LD 50 is a continuous variable that measures the amount of the active ingredient 
ingestion necessary to kill 50% of a group of test animals (expressed in mg/kg). 
• Dermal LD50 is a continuous variable that measures the amount of the active 
ingredient in contact with the skin necessary to kill 50% of a group of test animals 
(expressed in mg/kg). 
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• Inhalation LC 50 is a continuous variable that measures the concentration of the 
active ingredient in air necessary to kill 50% of a group of test animals (expressed in 
mg/l). 
• Fish LC50 is a continuous variable that measures the concentration of the active 
ingredient in water necessary to kill 50% of a group of test animals (expressed in 
mg/l). 
In addition to reported detections of herbicides in groundwater, the EPA uses soil 
partition coefficients (Kd) and different measures of herbicides’ persistence
4 in the 
environment to determine the type of water advisory the label must display, if an . Since 
Kd measures the tendency of chemicals to attach to soil particle surfaces, high values are 
negatively related to the chemical ability to get in solution and contaminate surface water 
via runoffs or leach trough the soil to reach groundwater. Unfortunately, I was unable to 
find Kd values for all the active ingredients in the data set, probably because they vary b
soil type. Instead, soil adsorption coefficients (Koc) were used. These coefficients are Kd 
values normalized for the organic carbon content of the soil (Monaco et al., 2002): 
!  !  ⁄ £, where £ is the percent organic carbon content of the soil. 
The herbicide’s half-life in soil was used to account for the duration of the 
herbicide in the environment. This is the time required for the pesticide to be degraded to 
50% of its concentration at application. The main disadvantage of this measure is that not
only affects the probability of water contamination, but it also affects the efficacy period 
                                                          
4
 These measures include hydrolysis half-life (how quickly a chemical breaks down in water) and aerobic 
soil metabolism half-life (how quickly a chemical breaks down in soil under aerobic conditions). 
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of the herbicide and its potential carryover to the next crop. The indicator variables 
“GWA” and “SWA” from model II were replaced by the variables: 
• Koc is a continuous variable that measures how well chemicals are adsorbed to soil 
particles. 
• Soil-life is a continuous variable that measures the time necessary for the pesticide to 
be degraded to 50% of its original concentration under soil conditions and it is 
expressed in days. 
Unlike the original water variables used in model II, these new measures do not
allow differentiation between groundwater and surface water concerns. The EPA relates 
Kd values of less than 300 with potential surface water contamination and values of less 
than 5 with potential groundwater contamination. 
Herbicide Risk Indices 
One of the potential uses of the estimated relative importance of environmental 
and human safety characteristics measures is the calculation of risk indices (Sydorovych 
and Marra, 2007; and Carpio et al., 2007). These indices have been used to estimate the 
environmental impact resulting from the adoption of new technologies, such as the use of 
soybean varieties resistant to glyphosate. Carpio et al. (2007) found that these indices are 
consistent regardless of the approach used to measure the relative importance of the 
attributes. In this study, indices similar to those from Carpio et al. (2007) are calculated 
for the three models (I, II and MSDS) to determine how sensitive these indices are to 
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different model specifications. Each index  is related to the change in farmers’ utility 
(o) due to the human (FG) and environmental ()E) risks of using herbicide . To 
facilitate their interpretation, each index is expressed relative to the level of utility (o) 
obtained from using a “base” herbicide =. The form of the index is: 
  o 5 oo 
l∑ QE)E,E N ∑ GFG,G m 5 l∑ QE)E,E N ∑ GFG,G m∑ QE)E,E N ∑ GFG,G           	3.23 






The results for the discrete choice models are presented in Table 4-1. Few 
parameters were found to be statistically significant (3 in each model). Moreover, most of 
the significant parameters did not have the expected hypothesized signs. In both models 
the sensitization variable and the surface water advisory were found to increase th  price 
of the herbicides. The poor statistical performance of the models might result f om the 
lack of variability in the data set. The data set contains farmer choices among 55 active 
ingredients (including commercial combinations) only for 2002. Consequently, the 
variability on prices is significantly smaller than, for example, Beach and Carlson’s 
(1993) study which relied on individual set of prices from four  states (Arkansas, Iowa, 
North Carolina and Ohio) for four years (1985-88) totaling 365 observations for soybean 
herbicides5.  
  
                                                          
5
 Originally, information from the Agricultural Resource Management Survey (ARMS) conducted by the 
USDA was considered for this study. The data set, with similar characteristics to the data from Beach and 
Carlson (1993), includes herbicide choices of corn growers in 2000, 2001 and 2005 and soybean growers 
in 2000, 2002 and 2006. However, delays due to official procedures to access these data forced us to 
analyze the mentioned data set from Doane’s Market Research. 
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Table 4-1: Hedonic Models Estimation Results 
Variable 




   Coefficient 
Standard 
Deviation 
        Intercept 6.759 *** 2.201 
 








        Production attributes 







Post-Grass 0.075 *** 0.025 
 















        Human Safety attributes 







        Signal Word 














        Hazards to Humans 



































Sensitization 2.977 * 1.590 
 
2.919 * 1.562 
        Environmental attributes 














SWA 5.487 *** 1.900 
 
4.721 ** 1.835 
        N 55 
   
55 
  Adjusted R2 0.167 
   
0.171 
  F Statistic 1.90 *     1.74 *   
   *** Indicates coefficients significantly different from zero at α = 0.01  
   ** Indicates coefficients significantly different from zero at α = 0.05 




Two additional factors might have influenced the results: 1) the set of herbicides 
examined includes only 9 out of the 15 major herbicide active ingredients, and 2) the 
amount of herbicides applied on soybeans is less than 12% of the total herbicide use in 
the U.S.6 (Kiely et al., 2004 and NASS 2002). As mentioned by Hubbell and Carlson 
(1998), hedonic models may be inappropriate for market segments representing a small 
share of the total market for particular pesticides. Hence we turn to the results from the 
discrete choice model. 
Discrete Choice Model 
The likelihood ratio index described in the previous chapter failed to detect 
differences (p<0.001) between the standard logit models and the mixed logit models 
(Appendix B and Appendix C). Therefore, the standard logit models were chosen for the
analysis. Regression results of models I and II are presented in Table 4-2. Both 
measurements of goodness of fit, the LRI and the AIC, suggest that model II is slightly
superior to model I. As mentioned before, the LRI provides a notion of the absolute 
performance of the model, but it does not have interpretable meaning other than the 
percentage increase in the log-likelihood function above the value it would take without 
fitting a model (Train, 2003). 
 
 
                                                          
6
 Actual share may differ. This value only accounts for soybean herbicides applied in selected states: AR, 




Table 4-2: Logit Models Estimation Results 
Variable 




   Coefficient 
Standard 
Deviation 
        Production attributes 
            Pre-Grass 0.0377 *** 0.0021 
 
0.0252 *** 0.0022 
Post-Grass 0.0154 *** 0.0011 
 
0.0080 *** 0.0011 
Pre-Broad -0.0343 *** 0.0024 
 
-0.0207 *** 0.0023 
Post-Broad 0.0064 *** 0.0015 
 
0.0108 *** 0.0015 
Price -0.0457 *** 0.0064 
 
-0.0626 *** 0.0072 
        Human Safety attributes 




-0.361 * 0.2013 
        Signal Word 










        Hazards to Humans 





























Sensitization -0.5261 *** 0.0752 
 
-0.493 *** 0.071 
        Environmental attributes 
            Fish -0.3858 *** 0.0727 
 
-0.315 *** 0.078 
GWA -0.6649 *** 0.0875 
 








        N 1,770 
   
1,770 
  Log likelihood -6,209 
   
-6,146 
  AIC 12,442 
   
12,323 
  LRI 0.125       0.134     
   *** Indicates coefficients significantly different from zero at α = 0.01  
   ** Indicates coefficients significantly different from zero at α = 0.05 




Figure 4-1 provides an overview of how well the models fit the data sample. The 
green bars represent the observed frequency of each active ingredient whereas t  blue 
and red marks are the frequencies predicted by model I and model II, respectively. The 
closer the marks are to the top of the bars, the better is the in-sample prediction for the 
corresponding herbicides. Notice that in Figure 4-1 the frequencies for glyphosate, the 
most frequently used herbicide, have been divided by 2 to observe differences among 
herbicides with small number of choices. Both models overestimate the choice of 34 
herbicides and underestimate the remaining 21. Glyphosate, originally selected in 505 
occasions, is underestimated with 184 and 286 choices by model I and II, respectively. 
On the other hand, the least used herbicides (22 herbicides with less than 8 choices each) 
are constantly overestimated by the models.
 
 
Frequencies for glyphosate have been divided by 2 to observe differences among herbicides with small number of choices 
 























































































































































































































































































































































































































































































































































































Parameter estimates shown in Table 4-2 can be analyzed from two perspectives. 
From an economic point of view, these parameters can be seen as the structural 
parameters of the indirect utility function. Hence, the sign of the parameters indicates if 
an attribute has a negative or positive effect on the farmers’ indirect utility. From a 
statistical point of view, the sign of the parameters indicate the effect of the explanatory 
variable on the probability of choosing an herbicide.  
In general, estimation results indicate that farmers’ choice decisions are 
significantly affected by herbicides’ productive characteristics, human and environmental 
safety characteristics and the application costs. The probability of choosing a herbicide 
decreases with higher costs and increases with higher weed control efficiencies, except 
for the efficiency to control broadleaf weeds on the pre-emergence stage which has a 
negative and statistically significant effect on the probability of selection (as opposed to 
the expected positive impact). This may be due to the fact that the efficacy indices take 
into account not only how well herbicides control weeds but also how many weeds they 
control. In other words, the indices increase along with the spectrum of activity of the 
herbicide. Herbicides with broad spectrums of activity suppress weeds through 
mechanisms to which large groups of weeds are vulnerable; and the more related two 
species are, the more characteristics they share. Because soybeans fall into the broadleaf 
category, their botanical relationship with some of the weeds included in our indices may 
be close enough to induce a negative correlation between the soybeans level of tolerance 
to the herbicides and our broadleaf index for pre-emergence. This correlation may not be 
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as important for post-emergence applications since they are usually made once soybean  
have emerged and are less susceptible to these herbicides. 
Model I shows that, after controlling for cost and efficiency, herbicides displaying 
the signal words “danger” and “warning” are less likely to be chosen than herbicid s 
showing the word “caution”. However, there is not a statistically significant difference 
between the effect of the signal words “danger” and “warning” (p=0.05). Model II 
suggests that the information displayed in the “hazard to humans and domestic animals” 
section also has a significant negative effect on the probability of choosing an herbicide. 
In particular, the warning about possible acute dermal toxicity seems to be the main 
health concern since its coefficient is higher (p=0.05) than the coefficients of statements 
related to toxicity caused by inhalation and dermal sensitization. The later one is 
significant and very consistent in both models, suggesting that farmers are concerned 
about allergies caused by prolonged or frequent skin contact with the chemical. No 
significant effects were found for oral acute toxicity or skin irritation statements.  
The sign of the parameter corresponding to the “restriction” variable is negativ  in 
Models I and II, but only statistically significant in model I. This result was unexpected 
because the use of a restrictive herbicide requires hiring a commercial applicator or 
obtaining an official certification which results in higher production costs.  However, 
since the categorization of an herbicide as restrictive is based on human safety and/or 
environmental characteristics its effect might be captured by these other variables.  
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In addition to production characteristics and health risk information, two 
environmental statements were found to have a negative and statistically ignificant 
effect on the probability of herbicide choice: groundwater advisories and the level of 
dangerousness to aquatic organisms. Although negative in both models, surface water 
advisory variables were not statistically significant.  
Marginal Effects 
As discussed in the previous section, the estimated coefficients from the logit 
model do not represent marginal changes in the probability of selection. Instead, they 
represent marginal changes in farmers’ utility due to increases in the level of the 
corresponding attributes. To estimate marginal effects in probability, it is necessary to 
calculate derivatives of the choice probabilities (equation 3.13). Logit models can be used 
to recover own-marginal effects and cross-marginal effects (Train, 2003). The first 
effects refer to the change in the probability of choosing a herbicide due to an increase in 
any characteristic of the same herbicide. The second effects estimat  the extent to which 
the probability of choosing a particular herbicide changes when the characteristic of 
another herbicide changes. Because this study involves 55 active ingredients and 17 
attributes, there is a large number of possible cross-marginal effects among herbicides. 
Presenting estimations of each value is impractical. In this section we only discuss own-




Table 4-3: Herbicide Attributes’ Average Own-Marginal Effects on the Probability 
of Selection.  
Variable 
Average Own-Marginal Effect 
Model I   Model II 
    Production attributes 















    Human Safety attributes 
      Restricted -0.00210 
 
-0.00208 
    Signal Word 






    Hazards to Humans 


















    Environmental attributes 






SWA -0.00069   -0.00282 
              In bold: original parameters statistically different from zero at α ≤ 0.10 
 
The average own-marginal effects are consistent across models, in particular 
those for the production characteristics and price (Table 4-3). Both models suggest that, 
on average, a one dollar increase in the cost of the herbicides reduces the probability f 
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selection in 0.08%. Model I suggests that the probability of selecting an herbicide 
displaying the signal word “danger” is 1.78% lower than the probability of choosing an 
herbicide with the word “caution”. Model II also suggests that the appearance of a dermal 
toxicity statement in the “hazard to humans” portion of the label reduces the probability 
by 1.54%. In agreement with the relative size of the original coefficient, this is the largest 
marginal effect across all the statements in this section of the label. The marginal effect 
for groundwater advisories is not as consistent as the other variables. Estimations range 
from 1.16% to 1.54% for model I and II, respectively. 
Figure 4-2 depicts the distribution of the marginal effects on the probability of 
selection resulting from a one unit increase in the efficiency to control grass in po t-
emergence. The three most used herbicides are located on the tails of the distributions 
and therefore they are more sensitive, in absolute terms, to changes in efficie cies than 
for most other herbicides. This is because logit models confer the largest marginal effects 
to the alternatives with probabilities closer to 0.5 (Train, 2003), in this case the most 
frequently chosen herbicides7. The positions on these herbicides in the distributions are 
marked with the letters G for glyphosate, T for trifluralin, and P for pendimethalin. The 
marginal effects corresponding to the remaining herbicide attributes exhibit the same 
pattern and similar interpretations can be made. Appendix D, Appendix E and Appendix 
F present the histograms for the marginal effects of all the production, health, and 
environmental characteristics. 
                                                          
7
 The curve that describes the relation between logit probability and utility is sigmoid (S-shaped). Its 
inflexion point is located at prob.=0.5. At this point a change in utility has the greatest effect on the 




Figure 4-2: Distribution of the Post-Grass Efficacy Marginal Effects on the 
Probability of Selection. 
 
The large marginal changes in the probability of the most used herbicides due to a 
one dollar increase in their prices (Appendix D) do not translate into large relative 
changes as measured by elasticities. In fact, the most used herbicides are more inelastic 


































Figure 4-3: Distribution of the Elasticities of the Probabilities with Respect to Price. 
 
Relative Importance Analysis 
If the logit coefficients of price and efficiency are compared with the coefficients 
of the health and environmental characteristics, it is apparent that non-productive 
characteristics play a more important role on farmers’ decisions than price or efficiency. 
However, before comparing these coefficients it is necessary to transform their values to 
account for the fact that they are measured in different units. 
The results from the relative importance analysis are reported in Table 4-4. Each 
standardized coefficient represents the marginal change in farmer’s utility caused by an 
increase equivalent to one standard deviation in the level of the corresponding attribute. 
This transformation allows evaluating change in utility due to comparable change in the 
































variables is unclear (Long, 1997), the use of standard coefficients is limited to comparing 
the importance of the production attributes. These coefficients suggest that farmers place 
more importance on the effectiveness than the price of the herbicides (Table 4-4). 
Each value from the marketing measure column represents the range of utility 
corresponding to each characteristic available in the market. These values can be 
interpreted as the potential change in utility that farmers achieve by substituting an 
herbicide that has the “smallest amount” of the corresponding characteristi  with an 
herbicide that has the “highest amount”, holding the remaining attributes constant. 
In general, results from the marketing measure are consistent among the models. 
They both agree that the pre-emergence efficacies of the herbicides are the most 
important characteristics affecting farmer choice. From model I, thedisplayed “signal 
word” appears to be as important as the price. The remaining characteristics (sensitization 
and environmental statements) can be grouped into a third category, where groundwater 
advisories stand out from the rest. From model two it is noticeable that dermal toxicity 
statements and groundwater advisories are the most important non-productive 
characteristics. Unfortunately, it is not possible to compare the importance of th  “signal 
word” with the “hazard to humans statements” section. Although the values for the signal 
words are higher than the values for each of the human hazard statements, this analysis 






Table 4-4: Relative Importance Measures of Herbicide Attributes 
Variable 










      Production attributes 
          Pre-Grass 0.91 2.54 
 
0.61 1.70 
Post-Grass 0.43 1.40 
 
0.22 0.73 
Pre-Broad -0.94 -2.49 
 
-0.57 -1.50 
Post-Broad 0.17 0.55 
 
0.28 0.94 
Price -0.23 -0.89 
 
-0.32 -1.22 
      Human Safety attributes 
          Restricted … -0.12 
 
… -0.36 
        Signal Word 
           Danger … -1.03 
 
… … 
Warning … -0.90 
 
… … 
        Hazards to Humans Statements 
         Oral … … 
 
… -0.02 
Dermal … … 
 
… -0.89 
Inhalation … … 
 
… -0.47 
Eye … … 
 
… -0.75 
Skin … … 
 
… -0.10 
Sensitization … -0.53 
 
… -0.49 
      Environmental attributes 
          Fish … -0.39 
 
… -0.32 
GWA … -0.66 
 
… -0.89 
SWA … -0.04   … -0.16 






Comparison with Model Assuming Perfect Information (Model MSDS) 
The results from the model fitted with information from the MSDS’s are shown in 
the first two columns of Table 4-5. To facilitate the comparison between the use of 
traditional measurements and the use of information displayed on the labels, result  f om 
model II are included. The two measurements of goodness of fit suggest that model II is 
slightly superior to the MSDS model. Unfortunately, there is no statistical test to 
determine whether these values are significantly different from each other. Although far 
from conclusive, these results suggest that farmers’ understanding of the human safety 
and environmental characteristics of herbicides is constrained to the information 
displayed on the labels. 
All the signs of the significant variables in the MSDS model are consistent with 
model II; recall that LD50 and LC50 values are inversely related to toxicity levels. The 
main differences between the two models are 1) the increase in magnitude and 
significance level of the parameter corresponding to the restriction variable and 2) the 








Table 4-5: Logit Estimation Results of Model MSDS compared with Model II 
Variable 




   Coefficient 
Standard 
Deviation 
        Production attributes 
            Pre-Grass 0.0584 *** 0.0024 
 
0.0252 *** 0.0022 
Post-Grass 0.0118 *** 0.0011 
 
0.0080 *** 0.0011 
Pre-Broad -0.0526 *** 0.0023 
 
-0.0207 *** 0.0023 
Post-Broad 0.0175 *** 0.0014 
 
0.0108 *** 0.0015 
Price -0.0916 *** 0.0074 
 
-0.0626 *** 0.0072 
        Human Safety attributes 
            Restricted -2.010 *** 0.2726 
 
-0.361 * 0.2013 
        Hazards to Humans 





Derm. LD50 / Derm. 0.000357 *** 0.000020 
 
-0.892 *** 0.065 
Inhal. LC50 / Inhal. 0.010400 ** 0.004651 
 
-0.467 *** 0.066 
Eye -0.7650 *** 0.1071 
 








Sensitization -0.6098 *** 0.0742 
 
-0.493 *** 0.071 
        Environmental attributes 




-0.315 *** 0.078 
Koc / GWA 0.000011 *** 0.000001 
 
-0.891 *** 0.088 





        N 1,770 
   
1,770 
  Log likelihood -6,189 
   
-6,146 
  AIC 12,408 
   
12,323 
  LRI 0.128       0.134     
*** Indicates coefficients significantly different from zero at α = 0.01  
** Indicates coefficients significantly different from zero at α = 0.05 





Willingness to Pay 
Estimation of farmers’ WTP to avoid each of the herbicide risks are displayed in 
Table 4-6. WTP values per acre from model I range from $8.44 to avoid the use of 
herbicides showing a fish precautionary statement, to $22.44 to avoid the use of 
herbicides classified as “danger”. Although these values seem high relative to the average 
herbicide price of $10.81, Owens et al. (1998) found WTP values up to 280% higher than 
the original price of the herbicide. With a baseline price of $3.00 per acre, their estimates  
of WTP for reductions in risk associated with a non-carcinogenic formulation ranged 
from $4.92 to $8.47  per acre; for a non-leaching formulation, it ranged from $4.40 to 
$7.70 per acre; and for the non-toxic to fish formulation, it ranged from $3.94 to $6.81 
per acre.  
On a per acre basis, model II suggests that farmers are willing to pay$14.25, 
$7.45 and $12.02 to avoid using herbicides displaying any dermal, inhalation and eye 
statements, respectively. These values are comparable to the estimations from Higley and 
Winstersteen (1992) who found mean WTP of $12.54 per acre to avoid “high risk”, $8.76 
per acre to avoid “moderate risk”, and $5.79 to avoid “low risk”. 
It is important to mention that marginal WTP estimates assume that the remaining 
characteristics do not change which in practice might not be the case. For example, if the 
level of toxicity is negatively correlated with efficiency, farmers WTP for safer 




Table 4-6: Estimations of Farmers Willingness to Pay for Herbicide Attributes 
Variable 
Willingness to Pay                                
($/acre) 
Model I   Model II 
    Human Safety attributes 
      Restricted 2.64 
 
5.77 
    Signal Word 
   






    Hazards to Humans 
   


















    Environmental attributes 
  






SWA 0.87   2.61 
              In bold: original parameters statistically different from zero at α ≤ 0.10 
 
Risk indices 
The risk indices and rankings for each herbicide are displayed in Appendix G. 
Although Carpio et al. (2007) found that these indices are consistent regardless of the 
approach used to measure the relative importance of each type of risk; our results suggest 
that they are very sensitive to changes in model specification. Table 4-7 also shows that 
the indices between the three models are not highly correlated. The maximum correlation 
coefficient, obtained between models I and II, is 0.65. For example, linuron is ranked as 
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number 23, 33 and 8 by models I, II and MSDS respectively. Only the rankings for 
glyphosate (1st, 1st and 3rd) and halosulfuron (9th, 6th and 6th) were consistently estimated 
by the three models. These results highlight the importance of determining the actual 
level of farmers’ understanding (or source of information) regarding the risks associated 
with the use of each herbicide. Any environmental impact measured with values adjsted 
by these indices may be sensitive to different model specifications. 
Table 4-7: Pearson Product-Moment Correlation Coefficients Between the 






I II MSDS 
I 1 0.65 0.49 
II 0.65 1 0.36 




5. SUMMARY AND CONCLUSIONS SSS 
This study analyzed the effect of label information on farmers’ herbicide choices. 
Two approaches were used as theoretical framework for the analysis: a hedonic model 
using the household production framework and a discrete choice random utility model. It 
was shown that, under different assumptions, both models can be used to recover 
farmers’ WTP for herbicides characteristics.  
The estimation of the theoretical models was based on a sample of U.S. soybean 
farmers. Characteristics of the herbicides used as explanatory variables included health 
and environmental characteristics displayed on herbicides labels and efficiency m asures 
calculated using relevant studies from the agronomic literature. Models estimated using 
information available on the labels were compared with a model estimated with variables 
obtained from MSDS’s. This comparison was done to assess the assumption held in 
previous studies that farmers have a detailed and complete understanding of all the 
scientific measures used to evaluate the human and environmental risk of pesticide u e 
(e.g., LD50 values). Finally, results from the estimated models were used to analyze the 
consistency of herbicide risk indices among alternative model specifications. 
From a theoretical perspective, an important contribution of this study is the 
adaptation of recent theoretical developments in the hedonic modeling literature (Bajari 
and Benkard, 2005 and Bajari and Kahn, 2005) to the agricultural household model 
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approach. This approach allows to determine the effect of socio-demographic 
characteristics on farmers’ WTP for the attributes of interest to the researcher. However, 
the statistical performance of the regression models estimated using this approach was 
unsatisfactory.   
Since the results of the statistical analysis using discrete choice models wer  
better, conclusions are entirely based on these models. The results suggest (not 
surprisingly) that farmers prefer low-cost efficient herbicides. The results also suggest 
that health and environmental statements displayed on pesticide labels (which generally 
reflect higher level of risk) reduce significantly the probability of selection, although they 
seem to be less important than the herbicide production characteristics and cost.  
Results of the statistical analysis also imply that, in addition to “signal word” 
(danger, warning and caution) which is prominently displayed in the label as an indicator 
of human risk, farmers might also differentiate herbicides using the informati n displayed 
in the “hazard to humans” section. Unfortunately, data limitations did not allow an 
investigation of the relative importance of the information displayed on these two 
sections of the label. Such comparison should be among the objectives of future 
investigations. Additionally, results also indicate farmers take into account environmental 
statements from labels, especially groundwater advisories and aquatic life statements. 
Interestingly, these advisories seem to be as important as those from the “hazard to 
humans” statements.  
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The estimated farmers’ WTP values for each displayed characteristic ae 
comparable to prior studies. The results suggest that farmers are willing to pay $14.25, 
$7.45, $12.02 and $7.88 - $11.51 per acre to avoid using herbicides displaying any 
dermal, inhalation, eye and allergy statements, respectively. Additionally, WTP values 
for environmental attributes ranged from $14.23 to $14.55 per acre to avoid using 
herbicides with groundwater advisories, and from $5.04 to $8.44 per acre to avoid using 
herbicides with aquatic life statements.  
Finally, the statistical results suggest that farmers’ understanding of the human 
safety and environmental characteristics of herbicides is more in line with the information 
displayed on the label than with the information contained in the MSDS’s. This result has 
important implications for estimation and use of pesticide risk indices (one of the most 
important uses of WTP estimates for pesticide human and safety characteristics). In fact, 
it was shown that risk indices estimates are very sensitive to model specifications based 
on different assumptions regarding farmers’ knowledge of herbicides’ human and 
environmental characteristics.  
Limitations of the Study 
This study has several limitations. The first limitation deals with measur ment 
error of herbicide costs and the measures of efficiency to control weeds. Herbicide pr ces 
were obtained from several sources from different states. Since prices may differ among 
states this variable represents a source of potential bias for our estimat. With regard to 
the weed control efficiency indices, they are measured with error since they do not 
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account for all the factors affecting the herbicide true measure of weed control efficiency, 
such as soil characteristics. A second limitation has to do with the fact that the analysis 
was based on active ingredients and ignores  differences in prices and/or variations on the 
displayed health and environmental characteristics among commercial products sharing 
the same active ingredient (usually due to the variations on the properties of the inert 
ingredients). A third limitation is related to the fact that no statistical ests were 
conducted to formally compare the performance of the models. Hence, the results 
presented here should only be seen as preliminary. Finally, this study assumed far ers 
read the label (or are aware of the content) before acquiring the herbicid . Future surveys 
used to evaluate the effect of label information on herbicide choice should include 

























Arrowleaf sida B 0 0 1 
Barnyardgrass G 0 3 0 
Beggarweed, Florida B 0 0 1 
Buckwheat, wild B 2 0 0 
Burcucumber B 0 0 1 
Canada thistle B 1 0 0 
Chickweed B 1 0 0 
Cocklebur B 9 1 7 
Copperleaf, hophorn B 0 1 0 
Crabgrass spp. G 2 2 6 
Cupgrass, woolly G 1 0 0 
Dandelion B 1 0 1 
Florida pusely B 0 1 2 
Foxtail spp. G 12 0 6 
Goosegrass G 0 0 1 
Hemp sesbania B 0 3 0 
Horseweed (marestail) B 3 1 0 
Jimsonweed B 0 0 4 
Johnsongrass G 1 4 2 
Kochia B 2 0 0 
Lambsquarters B 10 0 6 
Milkweed, honeyvine B 1 0 0 
Morningglory spp. B 5 5 7 
Mustard, wild B 2 0 0 
Nightshade, Eastern black B 2 0 1 
Nightshade, hairy B 1 0 0 
Nutsedge spp. G 0 3 5 
Oats, wild G 1 0 0 
Palmer amaranth B 2 2 2 
Panicum, fall G 3 0 5 
Panicum, Texas G 0 0 1 




















Poinsettia, wild B 0 1 0 
Pokeweed, common B 1 0 0 
Prickly sida B 1 5 1 
Proso millet, wild G 1 0 0 
Quackgrass G 3 0 2 
Ragweed, common B 7 1 8 
Ragweed, giant B 3 1 0 
Red rice G 0 1 0 
Sandbur, field G 1 0 0 
Shattercane G 3 0 1 
Sicklepod B 0 4 3 
Signalgrass, broadleaf G 0 4 1 
Smartweed spp. B 6 1 1 
Spurge, nodding/hyssop B 0 1 0 
Spurge, Prostrate B 0 1 0 
Sunflower, spp. B 5 0 0 
Velvetleaf B 11 0 6 
Venice mallow B 1 0 0 
Volunteer cereal G 1 0 0 
Volunteer corn G 1 0 0 
Waterhemp spp. B 5 0 0 
Total States … 13 5 8 
1B=Broadleaf weed, G=Grass weed 




Appendix B: Mixed Logit Estimation Results of Model I 
Variable 




   Coefficient 
Standard 
Deviation 
        Production attributes 

























        Human Safety attributes 







        Signal Word 










        Hazards to Humans 





        Environmental attributes 

















        N 1,770 
      Log likelihood -6,209 
      AIC 12,466 
      LRI 0.125             
  *** Indicates coefficients significantly different from zero at α = 0.01  
  ** Indicates coefficients significantly different from zero at α = 0.05 




Appendix C: Mixed Logit Estimation Results of Model II 
Variable 




   Coefficient 
Standard 
Deviation 
        Production attributes 

























        Human Safety attributes 







        Hazards to Humans 


































        Environmental attributes 

















        N 1,770 
      Log likelihood -6,146 
      AIC 12,353 
      LRI 0.134             
  *** Indicates coefficients significantly different from zero at α = 0.01  
  ** Indicates coefficients significantly different from zero at α = 0.05 




Appendix D: Distribution of the Production Attributes Marginal Eff ects on the 
Probability of Selection 
 




Figure D-2: Distribution of the Pre-Broad Efficacy Marginal Effects on the 





























































Appendix D: Distribution of the Production Attributes Marginal Effe cts on the 
Probability of Selection (Continued) 
 
Figure D-3: Distribution of the Post-Broad Efficacy Marginal Effects on the 
Probability of Selection 
 
 
Figure D-4: Distribution of the Pre-Grass Efficacy Marginal Effects on the 





























































Appendix D: Distribution of the Production Attributes Marginal Effe cts on the 
Probability of Selection (Continued) 
 
Figure D-5: Distribution of the Post-Grass Efficacy Marginal Effects on the 

































Appendix E: Distribution of the Human Safety Attributes Marginal E ffects on the 
Probability of Selection 
 































































Appendix E: Distribution of the Human Safety Attributes Marginal Ef fects on the 
Probability of Selection (Continued) 
 
Figure E-3: Distribution of the “Word Warning” Marginal Effects on the 
Probability of Selection 
 
 
Figure E-4: Distribution of the “Oral Statement” Marginal Effects on th e 

























































Appendix E: Distribution of the Human Safety Attributes Marginal Ef fects on the 
Probability of Selection (Continued) 
 
Figure E-5: Distribution of the “Dermal Statement” Marginal Effects on the 
Probability of Selection 
 
 
Figure E-6: Distribution of the “Inhalation Statement” Marginal Effec ts on the 

























































Appendix E: Distribution of the Human Safety Attributes Marginal Ef fects on the 
Probability of Selection (Continued) 
 




Figure E-8: Distribution of the “Skin Statement” Marginal Effects on the 

























































Appendix F: Distribution of the Environmental Attributes Margi nal Effects on the 
Probability of Selection 
 
Figure F-1: Distribution of the “Fish Statement” Marginal Effects on the 
Probability of Selection 
 
 
Figure F-2: Distribution of the “Groundwater Advisory” Marginal Effects  on the 











































































Appendix F: Distribution of the Environmental Attributes Margin al Effects on the 
Probability of Selection (Continued) 
 
Figure F-3: Distribution of the “Surface water Advisory” Marginal Effe cts on the 










































Appendix G: Pesticide Risk Indices and Rankings of Herbicides (Lowest value and 
ranking indicate pesticides with lower environmental effects) 
Herbicide 
Model I   Model II   Model MSDS 
Index Rank   Index Rank   Index Rank 
2,4-D -0.202 42   0.012 45   -0.983 21 


















































































































































Appendix G: Pesticide Risk Indices and Rankings of Herbicides (Lowest value and 
ranking indicate pesticides with lower environmental effects) (Continued) 
Herbicide 
Model I   Model II   Model MSDS 
Index Ranking   Index Ranking   Index Ranking 
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